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Abstract
In this paper, a novel beta parameter three-input one-output fuzzy-logic based maximum power point
tracking (MPPT) algorithm is presented for the photovoltaic (PV) system application. The convention-
al fuzzy-logic controllers (FLCs) exhibit obvious limitations such as their dependence on the user’s
knowledge about the system and complicated rules. Furthermore, they show inherent dilemma between
the rules number of FLC and the universality for various operating conditions, which is revealed and
explained with details in this paper. Thus, a novel FLC is proposed by introducing a third input: an
intermediate variable . It can simplify the fuzzy rule membership functions and cover wider operating
conditions. The dependence on the user’s knowledge about the system is reduced. The converging speed
for transients is improved and oscillations around the MPPs are completely eliminated compared with
conventional MPPT methods. Typical operation conditions such as varying solar irradiation and load
resistance are tested for fair comparison of various algorithms. An experimental prototype was designed
and main experimental results were presented to verify the advantages of the proposed algorithm.
Index Terms
photovoltaic (PV) system, Maximum power point tracking (MPPT), fuzzy logic controller(FLC), beta
parameter, zero oscillation.
I. INTRODUCTION
Since the output power of a PV system shows strong nonlinearity with respect to the irradiation and
temperature, the maximum power point tracking (MPPT) techniques are usually adopted in the PV system
to achieve the maximum power output from the installed PV modules under different conditions [13].
So far, many MPPT techniques have been used [10, 14, 35], such as Perturb and observe (P&O) [13, 15],
Hill-Climbing (HC) [18] and incremental conductance (INC) [12, 32]. However, these techniques show
obvious disadvantages, such as low tracking efficiency during rapidly changing solar irradiation and
fluctuations around the maximum power points (MPPs) during the steady-state operation [34].
2In order to improve the performance, many advanced MPPT algorithms have been proposed, such as the
adaptive hill climbing [37], variable-step-size incremental conductance [25], and incremental resistance
[27], have been proposed. However, the dilemma between the steady state and transient operations has not
been solved perfectly [37]. The control implementation becomes complicated [27]. Additional parameters
such as scaling factor are introduced and the optimal parameter must be determined firstly to ensure
good performance [25]. Furthermore, there are still steady-state oscillations that could not be completely
eliminated with these techniques.
In recent years, a number of MPTT algorithms without determination of step size are proposed to
estimate the MPP rather than measure it. In [36], the weighted least square (WLS) function is used to
estimate the MPP with three sampled points. Similarly, two different polynomial models are used to fit
the I-V curve and obtain the MPP with three sampled points [8] and six sampled points [39], respectively.
However, these model-based MPPT methods have a special requirement of the sampled points as well
as a high computational load to estimate the MPP. Alternatively, a thermography-based MPPT method
[16] and a optical-camera-based MPPT method [26] are proposed to estimate the MPP. However, these
methods require additional hardware and they are not properly used in the real-time MPPT tracking.
Compared with aforementioned MPPT algorithms, Fuzzy-logic controllers (FLCs) is relatively simple
and does not require any additional hardware requirement [38]. Besides, it can also exhibit faster tracking
speed and more accurate steady-state performance [19, 33]. However, the conventional FLCs are heavily
relied on the user’s knowledge about the PV system and their rules are complicated [31]. Furthermore,
FLC could not track the real MPPs when the irradiation changes quickly [4]. In order to overcome these
drawbacks in FLC implementation, many researchers try to optimize the FLCs such as their membership
functions (MFs) and fuzzy rules with the aid of the other artificial intelligence (AI) techniques, such
as fuzzy cognitive networks [19], genetic algorithm [28], artificial neural network [9], particle swarm
optimization [20] and adaptive network-based fuzzy inference system[1]. These AI techniques require
designers deep knowledge in the practical implementation, which hinder the wide-use of these advanced
FLC techniques.
To address this issue, a practical way is to combine the classical MPPT techniques, such as HC
technique [4],P&O technique [30] and INC technique [31] with the FLCs in order to achieve easier
MFs and fuzzy rules design. With the hybrid technique, faster converging speed for transients and less
oscillation around the MPPs for the steady-state operation can be achieved [21]. The design of the FLC
is simplified, for instance, the number of fuzzy rules can be reduced from 25 to 16 [4]. However, there
is a dilemma between the rules number and the universality for various operating conditions. When the
rules is simplified, the FLC will not track the MPPs successfully for some operating conditions. Thus, a
3balance between the complexity of the rules and the universality of the algorithm must be achieved.
This paper will follow the principle of the hybrid MPPT techniques by introducing a variable  rather
than the variation of the terminal voltage or the output power as the third input of FLC. It simplifies the
fuzzy rule number and cover wider operating conditions. Both the static and dynamic performance can
be improved. A PV system connected with boost converter was designed and the new FLC algorithm was
implemented by the dSPACE. Simulation and experimental results for different scenarios are presented
to demonstrate the advantages of the proposed MPPT algorithm in terms of fast converging speed and
zero oscillation.
II. CONVENTIONAL FLC MPPT TECHNIQUES
Fig. 1 shows the basic structure of FLCs, which are usually implemented with three stages: fuzzification,
interference with rule base, and defuzzification [14]. Main function of the fuzzification is to convert the
numerical input variables into equivalent linguistic variables as input fuzzy sets. The input fuzzy sets are
then sent to the interference in order to obtain output fuzzy sets according to the fuzzy rule base table.
Finally, the output of numerical variables can be obtained based on the output fuzzy sets.
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Fig. 1. Fuzzy logic controller.
For MPPT application, FLCs usually use Mamdani model for interference, Max-Min for fuzzy com-
bination and center of gravity (COG) for defuzzification. The variations of the duty cycle (D) is the
output variable. The input variables are changed according to different FLC-based MPPT techniques.
Normally, the error E and the change in error E are acted as the the input variables [14]. The error E
can be obtained by the slope of P-V curve as follow[5, 29]:
E(k) =
P (k)  P (k   1)
V (k)  V (k   1) (1)
E(k) = E(k)  E(k   1) (2)
4where P (k) and V (k) represent the PV output power and voltage respectively at the time instant k. Fig. 2
indicates that the instantaneous value of E(k) is positive on the left or negative on the right of the MPP.
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Fig. 2. Typical PV P -V and P=V curves.
Normally the MFs of FLC-based MPPT techniques adopt five-fuzzy-level structure, including NB
(negative big), NS (negative small), ZE (zero), PS (positive small), and PB (positive big). Since the curve
of P=V in Fig. 2 is highly asymmetric at the MPP, the MFs of E(k) with five fuzzy levels have
to be carefully designed in order to ensure the symmetry of the output variable D [11]. The designed
MFs with five fuzzy levels are demonstrated in Fig. 3, which shows that the output variable D is
symmetric around zero. The number of fuzzy rules is 25, which is high and will increase the difficult of
FLC design and implementation. Although some artificial intelligence (AI) algorithms including fuzzy
cognitive networks, genetic algorithm and particle swarm optimization can be used to optimize the MFs
and fuzzy rules, these AI techniques themselves are complicated and require designers deep knowledge
for these advanced AI algorithms.
Alternatively, some researchers try to integrate some classical MPPT techniques with the conventional
FLC in order to achieve simple design of MFs and fuzzy rules. For instance, originated from the HC
MPPT method, the research in [4] utilizes the variation of the output power (P ) and the variation of
the output current (I), instead of E and E, as the input variables. Since this technique combines
the HC with the fuzzy logic MPPT technique, it is called fuzzy-logic-based hill-climbing (FLC-HC).
Similar hybrid MPPT algorithms, such as fuzzy-logic-based perturb and observe (FLC-P&O) and fuzzy-
logic-based incremental conductance (FLC-INC) can be found in [30] and [31], respectively. In [30], the
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Fig. 3. Membership functions of five fuzzy levels.
incremental conductance eIC is used for one of the input variables. These FLC techniques are summarised
in TABLE I.
TABLE I
SUMMARISATION OF THE CONVENTIONAL FLC TECHNIQUES.
Ref. Inputvariables
Output
variables
Number
of
Rules
Inference
mode
Converter
type
Controller
implementation
[4] P , I D 16 Mamdani Boost MicrochipInfineon TC1796
[30] P , V D 25 Mamdani Boost DSPTMS320F28335
[31] eIC , D D 9 Mamdani Cuk dSPACE
[29] P=V D 25 Mamdani Boost FPGAV2MB1000
[5] P=V D 25 Mamdani Cuk -
[3] P=V , D D 9 Mamdani Buck DSPTMS320F28335
The comparison is made among these MPPT algorithms in terms of the converging speed, steady
oscillations, and the complexity in FLC implementation. For example, the method in [4] can reduce the
number of fuzzy rules from 25 to 16. Using three fuzzy levels, such as small, medium and large, the
method proposed in [3, 31] will further reduces to nine rules. However, for FLC algorithms, there is an
inherent dilemma between the rules number and the universality for various operating conditions. For
some conditions, some FLC algorithms show bad performance or even could not track the MPPs properly.
This problem will be discussed in this paper and the corresponding reasons are explained properly.
6Furthermore, all these FLC algorithms shown in TABLE I present significant steady oscillations.
III. PROPOSED BETA-PARAMETER BASED FLC MPPT ALGORITHM
A. Proposed scheme for the single peak tracking
Fig. 4 shows the basic structure of the proposed algorithm. The Mamdani model, Max-Min and COG
are used for interference, fuzzy combination and defuzzification, respectively. Besides the variation of the
output power (P ) and the variation of the output voltage (V ), a third input variable  is introduced.
The variation of the duty cycle is the output.
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Fig. 4. Proposed FLC Algorithm.
TABLE II
VALUES OF  UNDER VARIOUS WORKING CONDITIONS
No. Irradiance temperature 
1 1000 W/m2 45C -15.4505
2 1000 W/m2 5C -18.3431
3 300 W/m2 45C -15.9587
4 300 W/m2 5C -19.0214
The beta-parameter based MPPT algorithm was proposed by [17] and the newly added variable  is
expressed by:
 = ln
 I
V

  c V (3)
where V and I represents the PV voltage and current, c is the function of cell number, temperature, and
the diode structure [17].
In this algorithm, a range of (min, max) is defined, which depends on the practical environmental
conditions, such as the irradiance and temperature [23]. The parameter  is continuously monitored to
7determine if it is located within the defined range. If  is located within this range, it indicates that the
operating point is close to the true MPP. TABLE II illustrates the calculated magnitudes of  for different
environmental conditions. Fig. 5 shows that the the range of  is narrow for a wide working conditions,
which facilitate the dynamic tracking. In [24], two sets of the distinguished meteorological data are used
to evaluate the effectiveness of the range of . Generally, the range of  should be determined by the
local meteorological data under the extreme conditions, such as extreme temperature and solar irradiance.
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Fig. 5. Range of  and power under various irradiance and temperature conditions.
With the proposed algorithm, Fig. 6 and TABLE III shows the membership functions and fuzzy rules.
Three fuzzy sets, min, mid, and max, are used with respect to the variable . TABLE III shows the
fuzzy rules for the proposed MPPT technique. The output is either PB for min and or NB for max
respectively, which is independent on the value of P and V . For mid, there are three possible fuzzy
subsets: NS, ZE, and PS. Thus, there are totally only 11 rules required for the proposed FLC algorithm,
which is much less than other FLCs. Compared with the FLC-HC, it covers wider operating conditions.
Furthermore, the output shows relatively symmetric feature, as illustrated in Fig. 6, which further simplify
the algorithm implementation.
The detailed tracking process with the proposed algorithm is illustrated in Fig.7. The irradiance is
set as follows: the irradiance is firstly set as 1000 W/m2. At t=0.5 s, the irradiance decreases to 400
W/m2. The movement of the operating point can be explained as: firstly, the PV module operates at point
A, which is the MPP for 1000 W/m2, as shown in Fig.7 (a). At this time, the fuzzy input parameter
 is mid and the other input parameters, P and V , are ZE. According to TABLE III, the output
D is ZE as shown in Fig.7 (b). For the irradiance change at t = 0:5s, the operating point will still
locate at the load line 1 considering that the duty cycle of the power converter remains unchanged at that
moment. Specifically, the operating point switches immediately from A to B, which is the intersection
8−30 −25 −20 −15 −10 −5 00
0.5
1β
−3 −2.5 −2 −1.5 −1 −0.5 0 0.5 1 1.5 2 2.5 30
0.5
1
∆ 
P
−1 −0.8 −0.6 −0.4 −0.2 0 0.2 0.4 0.6 0.8 10
0.5
1
∆ 
V
−5 −4 −3 −2 −1 0 1 2 3 4 50
0.5
1
∆ 
D
β
min βmid βmax
PS
PS
ZE
ZE
NS
NS
NB ZENS PS PS
Fig. 6. MFs of the proposed FLC.
TABLE III
FUZZY RULES OF THE PROPOSED FLC
min PB
mid
P
V
NS ZE PS
NS NS ZE PS
ZE ZE ZE ZE
PS PS ZE NS
max NB
point between the load line 1 and the I-V curve for 400 W/m2. Then,  is found as max, so D is NB
regardless of P and V according to TABLE III. At t = 0:6s,  is equal to mid and both of P and
V are equal to PS, as illustrated in Fig.7 (b). Consequently, D is equal to NS. After several iteration,
both of P and V are equal to ZE, so D is stabilized to ZE. Thus, point C is finally located for the
steady state operation and the zero oscillation is realized. Fig.7 (c) illustrates the case for the irradiance
increase, which shows similar process.
B. Possible extensions to the multiple peaks tracking
In practice, a PV string (or a PV array) rather than a PV module is generally used. When the PV
string is partially shaded, there will be multiple peaks rather than a single peak for its corresponding I–V
curve. Some of the MPPT methods may be affected since these MPPT methods are unable to distinguish
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Fig. 7. Dynamic tracking process with the proposed FLC. (a)I-V and P-D curves; (b)Fuzzy parameters for the proposed technique
when the irradiance decreases; (c)changes of the fuzzy parameters for the proposed technique when the irradiance increases.
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the global MPP (GMPP) from the local MPPs (LMPP). However, the proposed method is also possible
to extended for this multiple-peak tracking. The key of this possible extensions is how to convert one
multiple-peak curve into several single-peak curves [22].
In [6, 7], it was pointed out the I–V curve of a PV string is always determined by one key module
since other modules are approximately constant or linear. Therefore, an explicit functions of the equivalent
values of voltage (Veq) of this key module is expressed as [22]:
Veq = VString   (n  1) Vs + (m  n) Vd (4)
Vs  VMPP;stc   Voc;stc
IMPP;stc
 IString + Voc;stc (5)
n = 1; 2:::m; for(m  1)    Voc < VString <= m    Voc (6)
where VString and IString represent the output voltage and current of the PV string, respectively; Vd
refers to the constant value while Vs refers to the linear source as expressed in (5); m refers to the total
number of PV modules in the PV string, and n is determined by (6); Voc is the open-circuit voltage of
PV modules, VMPP;stc and IMPP;stc represent voltage and current at the MPP under the standard test
condition (STC), respectively;  is a variable that is varying from 0:8 to 0:97 [2].
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Fig. 8. I-V curves for the PV string with the multiple peaks and its equivalent values of voltage and .
Substitute (4-6) into (3), the equivalent value of , eq, can be determined. As a consequence, the I-V
curves for the PV string with the multiple peaks and its equivalent values of voltage and  is shown in
Fig.8. As shown in Fig.8, the whole I-V curves for the PV string is converted into three single-peak
curves. Then, the each single-peak curve can be individually tracked by the proposed method and the
possible extensions of the proposed method is shown in Fig.9.
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Fig. 9. Possible extensions of the proposed method for the multiple-peak tracking.
As shown in Fig.9, the proposed method, such as membership functions and fuzzy rules, is remained.
One of the input parameter for the proposed method, (k), is changed to eq(k), which is determined
by (4-6). The step size generated by the proposed method D1 is used to track each single-peak curve
and the step size generated by the search mode D2 is used to move the operating point from one peak
to another. Finally, the decision block decides to new step size is D1 or D2. The details related to
the search mode and decision block could be found in [22].
Although the proposed method could be extended to use for multiple-peak tracking, this paper will
not validate this possibility since it is out of scope.
IV. SIMULATION ANALYSIS
Fig.10 shows the simulation model with main components such as the PV module, boost converter
with the proposed FLC and load. Main parameters for the PV modules, MSX-60W are: maximum power
is 60 W, the voltage and current at the maximum power are 17.1 V and 3.5 A, open-circuit voltage is
21.1 V, and the short-circuit current is 3.8 A. TABLE IV lists main parameters for the boost converter.
The MatLab/Simulink sub-model for the proposed MPPT technique is shown in Fig.11. The sampling
time for the MPPT algorithm, Tp, is set as 0.03 s.
In order to comprehensively evaluate the performance of the proposed technique, typical MPPT
techniques such as P&O technique [15], FLC-HC technique [4], and the proposed algorithm are tested.
12
Fig. 10. Simulation model of PV system with MPPT control in MatLab/Simulink
Fig. 11. Proposed MPPT technique with FLC in MatLab/Simulink.
Three different scenarios are considered, including the strong-intensity irradiance change, the weak-
intensity irradiance change, and the load change.
A. Scenario One: Strong-intensity irradiance change
The scenario of strong-intensity irradiance change is defined that the irradiance changes between
1000W=m2 and 600W=m2. At t=0.5 s, the irradiance level is decreased to 600 W/m2. At t=2 s, it will
13
TABLE IV
MAIN PARAMETERS OF THE BOOST CONVERTER
Parameter Symbol Value
PV side input capacitance Cin 470 uF
Output capacitance Cout 47 uF
Inductance L 1 mH
Switching frequency (IGBT) fsw 10 kHz
return back to 1000 W/m2 . For this scenario, Rload is fixed at 30 
.
Fig.12 shows main simulation results. It indicates that P&O needs longest time to find the true MPPT
and then followed by the FLC-HC algorithm. The steady-state oscillations with both algorithm can be
easily observed. Thus, the static power loss is increased. Besides, Fig.12 (b) shows that the FLC-HC shows
the divergence from the real MPP when the irradiance decreases. The proposed FLC takes the shortest
time among the three algorithms. Furthermore, Fig.12 (c) shows no divergence and zero steady-state
oscillation.
B. Scenario Two: Weak-intensity irradiance change
The scenario of strong-intensity irradiance change is defined that the irradiance changes between 400
W/m2 and 100 W/m2. At t=1 s, the irradiance level is decreased to 100 W/m2. At t=4 s, it will return
back to 400 W/m2 . For this scenario, Rload is fixed at 80 
, which represents low-power operating
region.
Fig.13 shows main simulation results. Among these algorithms, the proposed technique requires shortest
time to find the real MPP. Fig.13 (b) indicates that FLC-HC technique could not find the real MPP for this
scenario with 100W=m2 irradiance. This can be explained by the detailed tracking process of FLC-HC
algorithm, which is shown in Fig.14. At time t = 1 s, the irradiance decreases from 400 W/m2 to 100
W/m2 and the operating point moves from point E to F. Since both of P and I are NB, D is equal
to PB according to the rule table of FLC-HC [4]. However, this results in the divergence from the MPP,
as illustrated in Fig.14. Furthermore, since the point F is located around the Isc, both of P and I are
always NS. Therefore, the output D is always equal to NS, which results in a slow tracking speed [4].
C. Scenario Three: Load change
This scenario is defined that Rload changes between 60 
 and 30 
. At t=0.5 s, Rload is decreased to
30 
. At t=2 s, it will return back to 60 
. During this period, the irradiance is fixed at 600 W/m2.
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Fig. 12. Simulation results for the Scenario One. (a)P&O technique; (b)FLC-HC technique; (c)the proposed technique.
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Fig. 13. Simulation results for the Scenario Two. (a)P&O technique; (b)FLC-HC technique; (c)the proposed technique.
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Fig.15 shows main simulation results. Fig.15 shows that the proposed FLC requires least time to
determine the real MPP while P&O requires longest time, as shown in Fig.15. This conclusion is similar
with that of previous two scenarios. Furthermore, Fig.12 shows no divergence and zero static oscillations.
V. EXPERIMENTAL RESULTS
Experimental tests on a prototype were conducted in order to verify the advantages of the proposed
FLC. Fig.16 shows the test bench of this PV system, including main components such as PV emulator
Chroma ATE-62050H-600S, boost converter, dSPACE DS1104 controller, and electronic load IT8514C+.
The parameters of boost converter were set the same as the simulation. Three scenarios were evaluated
and their parameter setting was set the same as the simulation.
Fig.17 shows main experimental waveforms, including the output power, current and voltage from the
PV emulator under the Scenario One. It shows that the proposed FLC requires the least time to determine
the real MPP among all these three algorithms. No steady oscillations were observed with the proposed
FLC while the steady-static oscillations with other algorithms are easily observed.
Fig.18 shows the experimental results for the Scenario Two. The proposed FLC exhibits the least
tracking time, the lowest tracking power loss, and zero oscillations among these MPPT techniques. The
FLC-HC technique is unable to track the MPP under this scenario and the PV voltage could not reach
the new steady state due to the irradiation variation, as illustrated in Fig.18(b). Obvious oscillation in
voltage and current waveforms are observed. This phenomenon that FLC-HC could not track the MPP
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Fig. 15. Simulation results for the Scenario Three. (a)P&O technique; (b)FLC-HC technique; (c)the proposed technique.
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Fig. 17. Experimental results for the Scenario One. (a)P&O technique; (b)FLC-HC technique; (c)the proposed technique.
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Fig. 18. Experimental results for the Scenario Two. (a)P&O technique; (b)FLC-HC technique; (c)the proposed technique.
under low irradiation conditions has been explained in Fig.14 of section VI. For the P&O technique, the
static voltage oscillations are easily observed especially for the low irradiance condition of 100 W/m2.
Fig.19 illustrates the experimental results for the Scenario Three. The proposed FLC shows faster
responses than the other methods and zero oscillate for the steady-state operation.
VI. CONCLUSION
This paper proposed a novel FLC MPPT algorithm with  parameter. It’s new three-inputs one-output
fuzzy-logic controller by introducing an intermediate variable  as the input variable. The dilemma
between the rules number and the universality for various operating conditions can be effectively solved
with this new algorithm. It can simplify the Fuzzy rule membership functions since the number of fuzzy
rules can be reduced to 11. Furthermore, this algorithm can be used for various operating conditions
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Fig. 19. Experimental results for the Scenario Three. (a)P&O technique; (b)FLC-HC technique; (c)the proposed technique.
especially for rapidly changing environmental conditions and low irradiation conditions, where the FLC-
HC could not track the real MPPs successfully. The dependency of this method on the designer’s
knowledge of the system is reduced by using the new algorithm since the intermediate variable  can be
directly calculated from the measured voltage and current for each sampling period. The converging speed
for transients is improved by comparison with other MPPT methods. Oscillations around the MPPs are
completely eliminated for steady-state operations. Various scenarios are analyzed and simulated according
to the irradiance change and load variation. Simulation and experimental results were provided, which
verified the advantages of the proposed FLC algorithm.
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